ABSTRACT
INTRODUCTION
The identification and understanding of transcriptional regulatory networks and their interactions are major challenges in biology. A major point of control in the transcription of a mRNA is the binding of one or more transcription factors (regulatory proteins) to sites in their promoters called transcription factor binding sites (TFBS). The identification and characterisation of these TFBS has been a major activity over the past 10 years. Some of this TFBS information has been stored in databases such as TRANSFAC (Wingender, et al., 1996) where examples of experimentally veri-* To whom correspondence should be addressed. fied sites are given. Most TFBS however are less well characterised. Many have yet to be discovered i.e. there are known transcription factors with no clear TFBS. In other cases, TFBS are computationally predicted using comparative genomics.
Several methods are available to look for overrepresented TFBS in the promoter sequences of a set of genes. These methods include searching for over represented short sequence motifs that are present in the promoter regions of a set of genes without a priori knowledge, such as MEME, and Gibbs sampler, (Bailey and Elkan, 1994; Lawrence, et al., 1993) . While other techniques such as CONFAC, oPOSSUM, and Toucan, (Aerts, et al., 2003; Ho Sui, et al., 2005; Karanam and Moreno, 2004 ) search for known TFBS motifs from databases such as TRANSFAC and Jaspar (Sandelin, et al., 2004) . These approaches use statistical ranking functions, (e.g. Fisher exact test) to look for overrepresentation in each subset or grouping of genes.
Combinatorial interactions of multiple transcription factors play an important role in gene regulation. These take the form of cisregulatory modules (CRM) where combinations of TFBS can be linked to sets of co-expressed genes. For example, a large number of skeletal muscle associated TFBS have been experimentally characterised. In this tissue it was possible to link CRMs generated from 5 muscle associated transcription factor PSSMs with skeletal muscle gene expression (Wasserman and Fickett, 1998) . Software tools for statistically assessing the significance of the combinations of TFBSs are being developed in increasing numbers. These tools tend to rely either on reference collections of well characterised CRMs or search for significant combinations of sites where CRM information is not available or both. The use of CRMs does not lend itself to the approach used in this paper, however, as a precompiled matrix of all possible interactions of all 1236 motifs with varying distances between each motif would be too cumbersome.
All these methods require a gene list. To generate a gene list from microarray data a gene expression threshold level must be assigned. All genes above this threshold are considered to be turned on, while all the genes below this threshold are said to be switched off. Therefore a gene may only have two values, on or off. This represents an enormous loss of detailed information compared to the quantitation in the original microarray data.
In this paper we take a simple yet highly effective multivariate analysis approach that uses as input, entire microarray datasets which are cross-referenced with known and predicted TFBS target information. We use correspondence analysis (CA) as a generalpurpose dimension reduction and data exploration method (Benzé-cri, 1976) . It can be used to find patterns of array grouping in gene expression data sets (Fellenberg, et al., 2001) or it can be used to find patterns of motif occurrence in groups of genes.
Co-Inertia analysis (CIA, Dolédec and Chessel, 1994 ) is used to find trends in common between two different datasets that describe different characteristics of objects under investigation. In this case, you carry out CA so as to find axes from the two data sets that have maximum co-variance. It is a useful general-purpose data integration technique where you have two different sets of measurements carried out on the same objects.
In this paper we use CIA to integrate between two different sets of measurements on large collections of human genes: 1) counts of motif occurrences in gene promoters; 2) gene expression levels from combined microarray data sets (Gene Atlas) or a single data set (arrays from different types of prostate cancer). This allows us to perform an unsupervised analysis that identifies motifs that are most associated with the main patterns of gene expression differences. Finally, we can use a technique called Between Groups Analysis (BGA, Dolédec and Chessel, 1987) to carry out a supervised analysis where groupings of arrays or tissues of a-priori interest are contrasted with the rest.
SYSTEM AND METHODS

Transcription Factor Binding Sites
A combined total of 1236 transcription factor binding sites (TFBS) from three different sources were used: TRANSFAC 6.2 Professional (Wingender, et al., 1996) (414 vertebrate motifs), Jaspar (Sandelin, et al., 2004 ) (81 motifs) and (Xie, et al., 2005) (741 motifs). The promoter sequences were taken from the 4-way conserved genome sequence alignments (human, mouse, rat and dog) as generated by (Xie, et al., 2005) . These data cover 2kb upstream and 2kb downstream of the annotated transcription start site (TSS) for 14590 human genes. The tffind program from the Piptools package (Elnitski, et al., 2002) was used to generate a frequency matrix of the hits of the 1236 motifs in each of the 14590 genes. Tffind requires the motifs to be present in the aligned promoter of all four species, rather than from the human promoter alone. This "phylogenetic foot printing" greatly reduces the false positive rate. Tffind was run at four different Position Specific Scoring Matrix (PSSM) thresholds, 0.7, 0.75, 0.8 and 0.85. The search parameters for tffind were: motifs were searched individually; no gaps were allowed; all sequences within the alignment were required to match the pattern.
Tissue expression data
The human tissue expression data were obtained from Gene Atlas v2.0 (Su, et al., 2002) . Gene Atlas gives combined expression levels for genes in each of 79 tissues. We excluded fetal and cancer tissues and only used normal adult tissue, leaving us with 67 tissues. There were 5 muscle tissue types (heart, tongue, skeletal muscle, smooth muscle and cardiomyocytes) and 16 CNS tissues (temporal lobe, globuspallidus, cerebellum peduncles, cerebellum, caudate nucleus, whole CNS, parietal lobe, medulla oblongata, amygdala, prefrontal cortex, occipital lobe, hypothalamus, thalamus, subthalamic nucleus, cingulate cortex, and pons). The intersection between the aligned promoter sequences and the Gene Atlas gene set was 11241 genes.
Cancer expression data
The prostate cancer dataset was obtained from Varambally, et al., (2005) . The data were downloaded from http://www.ncbi.nlm.nih.gov/geo/ (Gene Expression Omnibus, accession number: GSE3325) as raw data files (.cel files). Gene expression values were called using the robust multichip average method (RMA, Irizarry, et al., 2003) and data were quantile normalised using the Bioconductor package, affy. The original data contained 54675 affy probes and 19 samples. This dataset covered four groups of samples from prostate tumours: benign (6 samples), primary (7 samples), metastatic androgen receptor positive (2 samples) and metastatic androgen receptor negative (4 samples). In this paper we compare the two metastatic groups to the benign. The RefSeq ids that corresponded to the affy probes were obtained using the hgu133plus2 annotation library. Probes that hit multiple genes were filtered out. The intersection between the aligned promoter sequences and the hgu133plus2 gene set was 11061 genes If there were multiple probes for the same gene, the probes were averaged for that gene.
Rank Products
The Rank Products method was developed for identifying differentially expressed genes in cDNA expression data (Breitling, et al., 2004; Breitling and Herzyk, 2005) . It is based on the argument that a gene in an experiment examining n genes in k replicates, has a probability of being ranked first (rank 1) of 1/n k if the lists were entirely random. Therefore, it is unlikely for a single gene to be in the top position in all replicates if this gene was not differentially expressed. More generally, for each gene g in k replicates i, each examining ni genes, one can calculate the corresponding combined probability as a rank product ) (
up is the position of gene g in the list of genes in the ith replicate sorted by decreasing fold change, i.e. r up = 1 for the most strongly upregulated gene, etc. The genes can then be sorted according to their RP value. In this work, we used a combination of multivariate analysis methods to make ranked lists of TFBS that appear to be associated with gene expression differences between sets of tissue samples. We used 4 different PSSM thresholds with tffind giving 4 different ranked lists of TFBS. The Rank Products method was then used to assign a value to each TFBS according to how it ranked in the 4 lists. This allows TFBS information at different stringencies to be combined in a practical manner and allows us to incorporate TFBS from a range of information contents. The significance of the RP scores are assessed by comparison to 100 randomised datasets. These give P-values for each motif. Using these P-values as probabilities assumes that the 4 lists from the 4 PSSM thresholds are independent. This is clearly not so, and we just use the P-values to rank the motifs. Any motifs with a Pvalue of 0.0001 or less are reported in this paper.
Co-inertia analysis
To study simultaneously two linked data tables, we used co-inertia analysis (CIA), a coupling approach that was first introduced to study ecological data (Dolédec and Chessel, 1994) . We already used this method to perform a cross-platform comparison of gene expression data measurements (Culhane, et al., 2003) . It is similar to the partial least square regression method (PLS) (Höskuldsson, 1988) and, like PLS, it can be used when the number of variables is greater than the number of observations, which is usually the case with gene expression data.
CIA must be used in combination with ordination methods like correspondence analysis (CA) or principal component analysis (PCA). Those methods summarize a table by searching for orthogonal axes on which the projection of the sampling points (rows) have the highest possible variance. Using the axes produced by the analyses computed on the original data tables, CIA searches for successive pairs of axes that maximise their covariance.
The mathematical basis of CIA is summarized below. Let X and Y be the original data tables, with n rows, and respectively p and q columns. The two statistical triplets produced by the ordination methods performed on the data sets are noted (X, Dn, Dp) and (Y, Dn, Dq), with Dn and Dp the diagonal matrices containg rows and columns weights for X, and Dn and Dq the diagonal matrices containing the rows and columns weights for Y. After diagonalization let u and v be a pair of eigenvectors for (X, Dn, Dp) and (Y, Dn, Dq) respectively. The projection of the multidimensional space associated with X on to vector u generates n coordinates in a column matrix:
The projection of the multidimensional space associated with table Y on to vector v generates n coordinates in a column matrix:
Co-inertia associated with the pair of vectors u and v is equal to:
If the initial data tables are centered, then the co-inertia is the covariance between the two new scores:
with Iner1(u) the projected inertia on to vector u (i.e., the variance of the new scores on u), Iner2(v) the projected inertia on to vector v (i.e., the variance of the new scores on v), and Corr(ξ, ψ) the correlation between the two coordinate systems. A CIA axis associated with a pair of eigenvectors u and v will maximize Cov(ξ, ψ).
Between group analysis (BGA) is a supervised classification method used in combination with ordination methods and similar to discriminant analysis (Culhane, et al., 2002; Dolédec and Chessel, 1987) . Once an ordination has been computed on a pre-ordered data set in which the different groups are defined, BGA finds the linear combination of the axes that maximizes between-group variance and minimizes within-group variance. Like CIA it can be used when the number of variables is greater than the number of observations.
We apply a combination of BGA and CIA to matched tables of motif occurrences and tissue or array expression levels. This forces the analysis to rank arrays or tissues along a single axis that best discriminates the two groups of samples (e.g. metastatic versus benign prostate cancer samples) and a second axis with ranked motifs. The two axes are found as the ones that maximize their covariance. The motifs that are ranked at the ends of the motif axis will be the ones that are most associated with the genes that are highly expressed in the samples at the same end of the sample axis. Thus, for each split in the data that we specifiy, using BGA, we get a ranked list of motifs. We get a separate ranked list of motifs for each of the 4 tffind PSSM thresholds that we use. The results from the 4 are combined using the Rank Products statistic. This produces a single ranked list of motifs. All calculations were carried out using the MADE4 library (Culhane, et al., 2005; Thioulouse, et al., 1997) of the open source R package. MADE4 can be downloaded freely from the Bioconductor web site (www.bioconductor.org).
Comparing co-inertia to oPOSSUM
Opossum is a method for the identification of over-represented transcription factor binding sites in sets of co-expressed genes (Ho Sui, et al., 2005) . Unlike co-inertia analysis, this technique requires a list of related genes for analysis. To compare our method to oPOSSUM we reran the prostate dataset analysis using only the TFBS from JASPAR. This contains 81 vertebebrate motifs. The feature selection method SAM (Tusher, et al., 2001 ) was used to generate a gene list of 300 refseq ids from the prostate cancer data set. oPOSSUM was run with default settings. This selects the top 10 motifs associated with prostate cancer, calculated by the Z-score statistic and the top 10 motifs calculated with the Fisher p-value.
IMPLEMENTATION
Co-inertia applied to Gene Atlas data
We first applied co-inertia analysis (CIA) to find transcription factor binding site (TFBS) motifs associated with the different tissue types present in Gene Atlas (Su, et al., 2002) . Unsupervised CIA was applied to gene expression data for 67 normal adult tissues and the associated TFBS motif/gene matrix. The axes of the resulting CIA were visually inspected to check for biologically interesting associations. Axes one and three are used here for illustration and are plotted in figure 1. In figure 1A , the blood (red), CNS (blue) and the peripheral nervous system (green) samples are split along the first axis, while the muscle (brown) samples are separated from these by the third axis. Figure 1B shows the motifs associated with these trends. The most extreme motifs along each axis are labelled and named. For muscle, the first four labelled motifs from the bottom right hand corner, moving towards the origin, are binding sites for MEF2, A B which is a characteristic muscle specific transcription factor (Pollock and Treisman, 1991) . LUN1 has significant expression levels in the CNS, although little work has been done on the role of this transcription factor in neural tissue. MA0074 refers to the vitamin D nuclear receptor which is expressed in a number of different blood tissues, specifically those associated with the immune system (Bhalla, et al., 1983) . Also, the muscle characteristic transcription factors SRF (V$SRF_01, serum response factor) and PAX3 (V$PAX3_01, paired box 3) are associated with the central nervous system in figure 1. This is consistent with the biological information as PAX3 is a key factor in CNS development (Chalepakis, et al., 1993) and SRF is required for neuronal synapse plasticity (Ramanan, et al., 2005) . Figure 2 . Supervised co-inertia results for the muscle dataset. The coinertia analyses were preformed using the tissue expression data and a transcription factor motif matrix. Each axis shows the projection of the motifs that are associated with the muscle tissues produced with four PSSM thresholds of 0.7, 0.75, 0.8 and 0.85 respectively.
Motif/gene thresholds
The CIA in figure 1 was performed using a motif/gene matrix that was produced using a PSSM threshold of 0.85. This PSSM threshold produces a relatively clean signal but has a high false negative rate with high information content motifs.
To overcome this problem we perform four supervised co-inertia analyses, at PSSM thresholds of 0.85, 0.8, 0.75 and 0.7. This is done in order to get a range of signal to noise ratios. The highest PSSM thresholds will have little signal for high information content motifs, while the signal for the low information content motifs in the lower threshold matrices will be indiscernible from the background noise. These four thresholds are combined with supervised co-inertia analyses and the Rank Products statistic (Breitling, et al., 2004) .
Supervised co-inertia analysis
We used a combination of CIA and BGA to discriminate groups of samples instead of the individual samples (e.g. muscle tissues vs. all other tissues). BGA is applied to the samples of the gene expression data matrix. CIA is applied to this BGA at each of the four motif/gene matrices (one for each PSSM threshold). This returns four lists of promoter motifs that are ranked based on the motif's association with the group of interest (figure 2). The motif ID codes are from the three parent databases for all significant motifs (Xn.n are from (Xie, et al., 2005) ; MAn are from (Sandelin, et al., 2004) ; V$n are from (Wingender, et al., 1996) ).
TF
Motif ID Description Muscle
We grouped the muscle (5 tissues) and the CNS (16 tissues) related tissues and used this technique to identify what motifs are most characteristic of each of these tissue groups relative to all other tissues. Table 1 shows motifs returned by the comparisons.
Previous studies identified 5 classes of transcription factors that are characteristic of skeletal muscle-specific expression (Wasserman and Fickett, 1998) , three of which are well represented in our results: (i) MEF-2, which is strongly expressed in both cardiac and skeletal muscle (Pollock and Treisman, 1991) ; (ii) SRF, a mitogen-responsive factor required for the activation of key muscle proteins such as cardiac alpha-actin (Chang, et al., 2003; Vandromme, et al., 1992) ; (iii) TEF-1, a co-factor essential for muscle specific gene regulation via the MACT element (Gunther, et al., 2004) . It must be pointed out that this combined set of motifs from 3 sources is redundant. Many motifs are effectively duplicated between the data sets. These can be combined and clustered in various ways but this is complicated as the duplicated motifs usually differ slightly from each other.
The absence of the two other classes from our list (MYOD and Sp1) can be explained by the fact that our list is a composite of 5 muscle tissue types rather than just skeletal muscle. Also, previous studies have found it difficult to discriminate Sp1 because of the ubiquitous nature of its action and the relatively low information content of its motif (Ho Sui, et al., 2005) . MyoD may be missed because it binds to the E-box sequence which is found in many non-muscle genes (Goswami, et al., 1993) . Table 1 also lists the motifs characteristic of the CNS, the most striking of which is NRSE (neuron restrictive silencer element). This is the DNA binding motif of the NRSF/REST protein which restricts the expression of neural-related genes to the CNS (Schoenherr and Anderson, 1995) . All of the other transcription factors relating to the CNS are known to regulate genes in tissues of the CNS (LUN1 (Bredel, et al., 2005) , MIBP1/RFX1 (Fukuda, et al., 2002; Ma, et al., 2006) , EBF (Tsai and Reed, 1997) , PBX1 (Roberts, et al., 1995) , AP-4 (Dilaver, et al., 2003) ).
Prostate cancer dataset
In the previous section we described results for a large repository of gene expression data for a range of tissues. A second scenario is where two sets of arrays are from two disease states (e.g. normal versus disease or disease type 1 versus disease type 2). In the example we use here, we wish to find transcriptional pathways associated with metastasis in prostate cancer. Figure 3 shows the unsupervised CIA. The x axis separates the benign and the primary tumours, and the y axis separates these two groups from the metastatic groups. Using the supervised co-inertia technique, we compared both metastatic groups (6 samples) together against benign (6 samples). The resulting axes are shown in figure 4 . Table 2 shows the motifs that were returned associated with the metastatic samples. 10 of the 13 TFs identified by these TFBS motifs relate to transcription factors with known associations to prostate cancer (E2F, (Foster, et al., 2004) , HIF1 (Du, et al., 2003) , EBF (Regnauld, et al., 2002) , LXR (Fukuchi, et al., 2004) , c-Myc/Max (Buttyan, et al., 1987) , AR (Benson, et al., 1985) , TP53 (Thomas, et al., 1993) , RXR/VDR (Taylor, et al., 1996) , ARNT and AHR/ARNT (Kashani, et al., 1998) . V$NMYC_01, V$STAF_01, V$ZF5_B are the motifs not previously associated with prostate cancer. N-myc is a member of the MYC family of oncogenes that encode nuclear proteins serving as transcription factors. Although has not been shown to be involved with prostate cancer, its TFBS is similar to the c-myc binding site and so there is a high overlap in their target genes. V$STAF_01 is the SPH motif which is bound by ZFP143 and Zinc finger protein 76. ZFP143 is the human ortholog of the Xenopus Staf protein. ZFP76 is a novel protein related to staf (Myslinski, et al., 1998) . They are thought to be involved in normal and abnormal cellular proliferation and differentiation. V$ZF5_B is bound by ZFP143 which is a transcriptional repressor of c-myc whose expression is known to be associated to prostate cancer. (Kaplan and Calame, 1997) . Figure 5 is a heatmap of the expression data for most of the transcription factors, whose TFBS were identified above. We find that the gene expression data of the oncogenic transcription factors identified, do appear to be differentially expressed between the disease states. The AR-and the AR+ metastatic groups are clearly identifiable, both from the topology of the dendrogram and the expression of the AR transcription factor. Also, a clear divide between the benign and metastasis groups can be seen.
Comparison with oPOSSUM
Submitting the 300 genes to oPOSSUM returned 13 motifs that were in either list (there was overlap between the Z-score list and the Fisher p-value list). Six of these motifs are consistent with those obtained with the CIA, when applied to the JASPAR dataset. Five of these have been shown to be involved in Prostate cancer (USF (Chen, et al., 2006) , Max (Buttyan, et al., 1987) , RXR/VDR (Taylor, et al., 1996) , Ahr-ARNT and ARNT (Kashani, et al., 1998) ). N-Myc was found by both methods but is not known to be involved in prostate cancer. Motifs that CIA finds that are not present in the oPOSSUM results but are involved with prostate cancer are AR (Benson, et al., 1985) , Myc-Max (Buttyan, et al., 1987) , p50 (Palayoor, et al., 1999) , E2F (Foster, et al., 2004) , AP2alpha (Zi, et al., 2000) . Pax6 and staf were identified by us but are not known to be involved in this disease. Staf was also found in the original analysis and is believed to be involved in cellular proliferation and differentiation. oPOSSUM identifies TP53, Elk-1, NRF-2, HLF, deltaEF1, cEBP and CREB as associated with the metastatic group. TP53 is ranked at number 15 by CIA and is involved in the disease (Thomas, et al., 1993) . Elk-1 (Xiao, et al., 2002) and CREB (Xiao, et al., 2002) are also involved in the disease but were poorly ranked by CIA.
DISCUSSION
One complication with combining sets of TFBS from different sources is the redundancy between different data sets. Usually, you have to employ some kind of clustering method to combine motifs. This is not trivial and each clustering will result in a different set of motifs. CIA, as used here, has the great advantage of not requiring any clustering to work effectively. The dimension reduction that comes from the underlying Correspondence Analysis, sorts out any redundancy. This allows you to combine data sets as you find them.
We applied our method to the gene atlas tissue microarray dataset. It was observed that the TFBS motifs returned were of known importance to the tissues being investigated. Of the 9 transcription factors associated with muscle, 3 were previously described muscle transcription factors (Wasserman and Fickett, 1998) . The other 6 transcription factors had significant muscle expression profiles.
Our findings with CNS tissues were similar, with 11 TFBS motifs returned, of which 7 were of known function. The list included 2 neural specific motifs, and all are expressed in the CNS.
Investigation of the prostate cancer dataset identified motifs that are bound by transcription factors that are known to be linked to the pathology of the disease, as well as a small number of novel putative therapeutic targets.
Although this technique is clearly useful in the identification of TFBS associated with both tissues and disease states, it is limited by the availability of transcription factor motifs. At present, it is roughly estimated that there are between 1500 and 3000 transcription factors in the human genome, only a small proportion of which have well characterized TFBS. Even though we used 1236 motifs from three different collections the majority of these have not been assigned to a transcription factor. Nonetheless, this situation will rapidly become clearer over the next few years as more data become available. For example, in vertebrates there are ongoing genome sequencing efforts for over a dozen mammals.
Many methods provide the option to change the PSSM threshold. This is because of the degenerate nature of the TFBS. High information content TFBS will be rare at higher PSSM thresholds, while low information TFBS will be ubiquitous at lower PSSM thresholds. We use four thresholds of 0.7, 0.75, 0.8 and 0.85 and by looking for complete or partial consistency in the results we believe we get a better sensitivity and specificity, then using any single PSSM threshold.
Our method also provides uniquely powerful visualisation tools due the ordination techniques employed. This enables the researcher to investigate in an unsupervised manner the strongest trends between the gene expression data and the TFBS.
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